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VALIDATION OF A WATER QUALITY INDEX FOR LAKE ERIE 
ABSTRACT 
This study validates a water quality index based on a diatom total phosphorus-
transfer function for monitoring of the Lake Erie’s pelagic zone. Lake Erie is again under 
the threat of cultural eutrophication, mostly due to the runoff of nutrients from the 
surrounding farmlands. Therefore, it is an issue of high importance to continue 
monitoring efforts in Lake Erie to assess further deterioration or progressive changes due 
to the restoration management practices. Diatom-biomonitoring represents one of the 
efficient and well-crafted tools to assess the actual conditions. However, indices of water 
quality based on diatom transfer functions are often used without a careful examination 
of their performance because model validation is, unfortunately, not an issue of primary 
funding importance. Therefore, we present a validation of a planktonic diatom index 
(PDI) based on a large, independent dataset from the Western and Central Basins of Lake 
Erie. The results of the regression model of PDI scores and measured total phosphorus 
were robust (r2=0.34, r2=0.63 after the removal of three high chloride-sulfate outliers). 
When considering performance of the index scores separately for each basin, differences 
in their morphology and nutrient loading are critically informative. The Western Basin is 
very shallow, with an irregular mixing regime and high nutrient and sediment load. Not 
surprisingly, due to the turbulent conditions in the Western Basin, it was not possible to 
find any significant relationship between PDI and single snapshot total phosphorus 
measurements. On the other hand, the Central Basin is deeper, with less nutrient 
enrichment, and stratification regularly occurring during the summer. The regular regime 
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with less variability enables more precise measurement of total phosphorus, hence, the 
regression model of PDI and measured total phosphorus was significant (r2=0.38; outliers 
removed, r2=0.66). Assuming that poor model performance in the Western Basin was 
caused by noise in measurements of total phosphorus due to continuous disturbances, we 
averaged the PDI scores and measured total phosphorus at each station over time. The 
resulting model was very robust (r2=0.52) and shows that the former lack of relationship 
was mostly due to large daily/seasonal variability of total phosphorus. However, the 
functionality of PDI relies on the assumption that total phosphorus is instrumental in the 
structuring of diatom communities. Using ordination methods, we show that although the 
effect of total phosphorus is often obscured by other variables (e.g. total nitrogen, 
alkalinity, conductivity), there is usually a high degree of correlation between total 
phosphorus and confounding variables, especially in the Western Basin. However, 
seasonal changes, such as mixing regime and changing light penetration, exert potentially 
a large effect on the ultimate diatom composition. Lake Erie is an ecologically and 
economically important waterbody that will likely continue to be an unstable ecosystem 
suffering from a mixture of severe anthropogenic impacts. It is, therefore, essential to be 
able to assess changes in water quality. The PDI, a tailor-made index for Lake Erie, 





Lake Erie, a system in flux, is currently undergoing adverse changes in water 
quality. Being the shallowest, and hence the warmest in the Great Lakes system 
(Bolsenga and Herdendorf, 1993), Lake Erie is especially susceptible to increases in 
nutrient enrichment from the highly developed coastline and influx from polluted rivers 
in agricultural watersheds (Bennion et al., 2010; Scavia et al., 2017). Recent increases in 
nutrient levels have led to excessive algal productivity and summer cyanobacterial 
blooms, which are symptomatic of the current re-eutrophication of this particularly 
important water body (Michalak et al., 2013, Reavie et al., 2014a).  
Water quality deterioration has a long history in Lake Erie, initiated at the end of 
19th century when marshlands and swamps extending westward from the lake were 
drained and deforested in order to ease travelling and gain agricultural lands (Mitsch and 
Gosselink, 2015; Stoermer et al., 1996). The upswing of industry and human impact on 
Lake Erie’s coastal habitats was accelerated by the loss of wetlands and the associated 
ecosystem services facilitating nutrient and sediment sequestration. Degradation reached 
a peak in the 1960’s, mainly due to phosphorus enrichment from phosphorus-based 
detergents and release of untreated sewage water. Conditions in Lake Erie were a primary 
stimulus that led the International Joint Commission (IJC), a body representing the 
United States and Canadian governments, to formulate and sign the Great Lakes Water 
Quality Agreement (IJC, 1972). This agreement mandated remediation – abatement of 
phosphorus, in particular via treatment of sewage water and restrictions on the use of 
phosphorus-based detergents (Chapra, 1977), and led to improved water quality during 
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the 1980’s. At the end of that decade, ships from Eurasia dumped ballast water into the 
Great Lakes, introducing invasive dreissenid mussels (Dreissena polymorpha, D. 
bugensis). These highly efficient filter-feeding invertebrates improved water clarity 
(Pillsbury et al., 2002). However, in the long-term, ecosystem food webs were impaired, 
as faster cycling of nutrients and selective feeding by mussels favored further growth of 
noxious algae such as Microcystis spp. (Hecky et al., 2004; Conroy and Culver, 2005).  
While phosphorus concentrations generally declined under their target levels 
across the Great Lakes region, this trend was reversed in Lake Erie beginning in the 
1990’s (Baker et al., 2014; Dove and Chapra, 2015)―this time mostly due to changing 
land use practices, i.e. no-till agriculture and increasing urbanization (Michalak et al., 
2013; Scavia et al., 2014; Scavia et al., 2017; Maccoux et al., 2016). The agricultural 
watershed of the Maumee River is currently considered to be the major culprit, 
contributing the largest loads of bioavailable phosphorus to the lake (Scavia et al. 2014). 
Also, change in climate became progressively more significant, with its effects recently 
recognized, but forecasts of the full extent of the future impact still not fully determined 
(Reavie et al., 2017). Changes in fluxes of thermal energy alter the seasonality of the lake 
(e.g. number of ice-free days – Mason et al., 2016; Twiss et al., 2012; duration of 
stratification – Reavie et al., 2017) and changing precipitation patterns provide further, 
less predictable, impact on the runoff from farmlands (Michalak et al., 2013).  
Reducing phosphorus levels remains a primary objective of the International Joint 
Commission (2014) more than 40 years after the signing of the Great Lakes Water 
Quality Agreement. Hence, the International Joint Commission calls for the development 
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of monitoring tools based on bioindication to assess the biological integrity of the system 
and anthropogenic impact. Biomonitoring serves as a means of measuring progress in 
phosphate reduction, and consequent reduction of pollution and restoration of the 
ecosystem health. These tools also provide the basis for clear communication of water 
quality status to the public. Unlike snapshot measurements of the water chemistry that 
often yield noisy data (Reavie et al., 2008), sampling of biological communities provides 
more integrated water quality assessment because it reflects average conditions over a 
period of weeks or even months (Reavie et al., 2006). Diatoms are especially powerful 
bioindicators due to their immense diversity, species-specific ecology, and sensitive 
responses to various environmental variables (Dixit et al., 1992; Sgro and Johansen, 
1995, Sgro et al., 2006). Diatom sampling is economically convenient and has no 
ecosystem threatening impacts (Ector et al., 2004). Individual diatom taxa have definable 
and distinct optima, and tolerances, to individual environmental parameters across the 
full gradient of possible values. Thus, based on the composition of the diatom 
community, it is possible to infer various environmental conditions.  
One environmental parameter that has been demonstrated to correspond to shifts 
in diatom assemblages is total phosphorus (TP) (Schindler, 1977; Hall et Smol, 1992; 
Bennion et al., 1996). Since the relationship of augmented phosphorus loads with 
pollution and anthropogenic stressors is well established (Carpenter et al., 1998; Smith 
and Schindler, 2009), diatom-inferred TP could be used as a proxy for the level of 
pollution and consequent cultural eutrophication (Reavie et al., 2006; Hall et Smol, 
2010). Diatom-inferred TP values are better correlated with watershed characteristics 
than in-situ chemistry measurements, therefore, diatoms seem to be able to reflect 
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anthropogenic disturbance and stress more precisely (Sgro et al., 2007; Reavie et al., 
2006). One caveat to mention is that the inference of TP based on diatom assemblages is 
not always straightforward, since the availability of nutrients changes throughout the 
seasons and its relationship to the diatom community might be confounded by other 
variables such as alkalinity, conductivity, and/or depth (Juggins et al., 2013). If we want 
to infer trophic status of the lake using TP, the performance of transfer functions must be 
thoroughly tested and validated with an independent dataset―not only by cross-
validation―to determine whether it provides unbiased results, and whether it meets the 
following assumptions, (1) TP is driving the species composition, and (2) its impact is not 
confounded by other environmental variables (Telford et Birks, 2009; Reavie et Juggins, 
2011; Juggins et al., 2013). However, this step of validation is usually neglected, with 
rare exceptions – e.g. Potapova et al., 2004, and proposed models are used without any 
independent check of their soundness (Juggins, 2013).  
For the monitoring of littoral areas, a benthic diatom index (BDI) was recently 
developed (Reavie et al., 2006; Sgro et al., 2007), and successfully incorporated in the 
regular monitoring practices of Ohio Environmental Protective Agency (OEPA) to 
clearly elucidate water quality status (Sgro, 2016). United States Environmental 
Protective Agency mandates the use of bioindicators in both littoral and pelagial zones of 
the Great Lakes. The benthic littoral community provides a locally and physiologically 
constrained view, which may largely differ from open water (Reavie et al., 2014b; Sgro, 
2016). The ability of phytoplankton assemblages to reflect trophic level has been 
recognized and exploited for qualitative water quality assessment in the past (Stoermer, 
1978). However, there is a scarcity of reliable tools for monitoring in the open offshore 
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areas, and an index based on planktonic diatoms has yet to be developed for the 
Laurentian Great Lakes (Sgro, 2016). First steps towards accomplishing that goal have 
been made. Reavie et al. (2014b) established a training set and estimated species’ optima 
with respect to TP. A TP inference model based on relative density showed a strong 
relationship, r2jackknife = 0.79, RMSEP = 0.38, and additional evidence indicates that Great 
Lakes diatom assemblages are largely driven by TP (Reavie et al., 2014b). Nevertheless, 
performance of the model assessed via cross-validation might appear overly strong 
because TP values were inferred for the same samples from which the species’ optima 
were derived.  
Our intent at the initiation of this study was to validate the planktonic diatom 
index (PDI) proposed by Sgro (2016) with a new, independent set of samples from the 
southern shore of the Western and Central basins of Lake Erie. I hypothesized that 1) PDI 
would be correlated with TP even when tested with an independent dataset, 2) TP would 
be an important driver of the community composition but its effect will be confounded by 
other variables, and 3) there would be a significant difference in the community 
composition and the performance of the model between Central and Western Basins due 






Lake Erie is the southern-most lake in the Laurentian Great Lakes system making 
up the border between Canada and United States of America. On the American side Lake 
Erie stretches across 4 states; from the West to the East – Michigan, Ohio, Pennsylvania, 
and New York; on the Canadian site, it borders on the Ontario Province. Lake Erie is the 
shallowest, warmest lake with the shortest retention time (about 2.6 years). Given the 
bathymetry of Lake Erie, its area is usually divided into three basins¾Western, Central, 
and Eastern Basins. However, our study sites were located only in the Western and the 
Central Basins. The Western Basin, the shallowest one, with the average depth of 7.4 m, 
extends to the line connecting Cedar Point, Ohio and Point Pelee, Ontario (Fig. 1). 
Currently, the Western Basin is largely suffering from the results of cultural 
eutrophication. One of the reasons we observe the symptoms of eutrophication on a large 
scale in Western Basin, is due to its physical properties such as shallowness and the 
consequent lack of regular stratification. The Central Basin expands eastward from the 
Western Basin to the frontier between Erie, Pennsylvania and Long Point, Ontario 
(Fig.1). Greater depth in the Central Basin, on average 18.5 m, allows for the formation 
of summer stratification and also helps to mitigate the effects of the enriched water 
inflow from the Western Basin (Herdendorf, 1984). It is due to the specific features of the 
basins that Lake Erie represents a natural study system with large gradients of 




Sample collection and processing 
A total of 71 phytoplankton samples from 17 sampling sites (Table 1, Fig.1A) 
collected during the years 2013 to 2016 (from April to November) were analyzed. All 
samples were taken by the Ohio EPA (OEPA) from the Central and the Western Basin of 
Lake Erie using standardized methods (OEPA, 2012). Depending on the depth of the 
sampling site, fractions of the integrated samples were either collected at 1 m, 5 m, 10 m 
and 20 m (above the bottom), or from the surface, middle and bottom, if the depth was 
lower than 15 m. Stratification was taken into account by sampling below the epilimnion 
when present. Integrated samples were filtered in the field with a 47 mm 1.2 μm 
nitrocellulose membrane filter (EMD Millipore Company, Darmstadt, Germany) and 
treated with glutaraldehyde to final concentration of 2%. The sampling design included 
field duplication for randomly chosen stations.  
In order to remove organic material, samples were digested either with 
concentrated nitric or hydrochloric acid. Permanent diatom slides were prepared using the 
refractive resin Naphrax® (Brunel Microscopes, Chippenham, UK) (Battarbee et al. 
2001). Diatoms were examined at 1000x magnification using an Olympus BX60 
photomicroscope with Nomarski DIC optics. For each slide, at least 400 valves were 
counted along random transects to calculate relative abundances of taxa. If fewer valves 
were present, a complete slide was examined. Taxa were identified to the lowest 
taxonomic level possible using current literature (Reavie and Kireta, 2015; Houk, 2003; 
Houk et al., 2013-2014; Krammer and Lange-Bertalot, 1986-1991). The nomenclature of 
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difficult species complexes was adjusted to correspond to the original training set (Reavie 
et al. 2014b; Reavie and Kireta, 2015).  
Environmental data 
Environmental data were collected synoptically with the phytoplankton samples. 
Description of important variables used in the analyses is provided in Fig. 2. Since the 
Shapiro-Wilks test showed that most of the environmental variables explored did not 
conform to the assumption of normal distribution, deviations from normality were 
mitigated using either log or square root transformed data. OEPA also provided water 
chemistry measurements for other stations which are monitored on regular basis 
throughout the season (Fig. 1B). The extended sample set demonstrates greater 
heterogeneity in TP in the Western Basin than in the Central Basin (Fig. 1B, 4). For the 
assessment of the performance of the model, only data linked to the phytoplankton 
samples were used – samples depicted in Fig. 1A.  
Deriving the phytoplankton-based metric: PDI 
The basis for this metric forms a diatom-based TP transfer function described in 
Reavie et al. (2014b). The original training set of phytoplankton samples comprised 717 
samples from all the Laurentian Great Lakes. Optima of the abundant taxa were estimated 
using two different methods, weighted averaging (WA) and the Gaussian model. 
Subsequently, the optima were rescaled to a simplified measuring system from 1 
(pollution tolerant) to 10 (pollution intolerant taxa) to correspond the rescaling used for 
the BDI (Reavie et al. 2007). The metric equation developed based on weighted 
averaging in Zelinka and Marvan (1961) was described in Sgro (2016)¾the diatom-
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inferred index value (PDI) is calculated as a sum of species’ optima weighted by their 
abundance and tolerance: 





where xi is abundance of taxa i, oi is the estimate of its optima, and ti is the tolerance 
value. Tolerance values are used to down-weight the influence of taxa with broad niches. 
For the purposes of PDI, generalist taxa are assigned a value of 1; taxa with a narrow TP 
range, a value of 3.  
Assessing the performance of the model 
Having an independent dataset allows for an unbiased model validation. Index 
scores calculated based on diatom community composition were regressed against 
measured TP. Performance is shown in terms of r2 and via root mean square error 
(RMSE). The first parameter defines the amount of TP variation explained by the index 
scores, the latter, RMSE, serves as a measure of spread—approximates the difference 
between measured TP predicted by the model and its actual value in mg.L-1. Performance 
of models based on different subsets of samples was compared in order to find the best 
performing model suitable for the future use. For example, we used index values 
calculated based on either Gaussian or WA optima; with or without tolerance values, and 
sample subsets differing in required count size¾fewer samples with larger number of 
valves, or more samples including those with low valve counts. We also regressed the 
mean index values per each station against mean TP. Both variables were averaged over 
time, expecting to get a more robust model accounting for large fluctuations of the TP.  
18 
 
Testing the assumptions of the model 
Since we use diatom-inferred TP values to assess the water quality status, we 
assume that the diatom composition is actually driven by TP fluctuation. In cases there 
was an interference of other environmental variables, we assumed it was negligible or 
correlated with the TP gradient (Juggins et al. 2013). We used multivariate analyses to 
uncover patterns in the diatom community composition shifts. The species matrix used 
was reduced to contain only species 1) present in more than 5 samples or 2) with 
abundance higher than 20% at least in 1 sample. The reduced species dataset was 
Hellinger transformed prior to the community analysis. A common problem with species 
data is the presence of many zeros in the matrix that leads to an arch effect. Sites appear 
to be similar just because they share absence of species. Hellinger transformation is a 
suitable standardization for community data because it alleviates the arch effect by down-
weighting the impact of large abundances (Legendre and Gallagher, 2001; Zuur et al., 
2007). To test whether TP is a strong, independent predictor of the community 
composition, we used redundancy analysis (RDA) because the length of the first DCA 
axis of transformed data, corresponding to the heterogeneity in the species data, was short 
enough (~3) to support the linear variant of the ordination methods (Šmilauer and Lepš, 
2014). RDA is a constrained ordination method that combines underlying methodology 
of principal component analysis and multiple linear regression. Hence, using an RDA 
allows for testing hypotheses¾we are not only able to visualize patterns in the species 
distribution, but also identify trends in species responses that are maximally and linearly 
correlated with environmental explanatory variables (Zuur et al., 2007, Borcard et al., 
2011). Specifically, we used an RDA with a subset of significant and biologically 
19 
 
important variables, identified via a Monte Carlo permutation test, to explore the main 
species-environmental patterns (Šmilauer and Lepš, 2014). Total and unique 
contributions of the respective variables to the explained variance were quantified via 
variance partitioning using partial RDAs. The ordination analysis was also performed 
separately for the Western and the Central Basin in order to disentangle potentially 
different drivers of the diatom community in the basins. 
The significance of species responses along the TP gradient was tested using 
generalized additive models (GAMs). This method belongs to the regression family, 
however, unlike classical linear regression it allows for exploring datasets that violate 
basic assumptions of linear regression such as normality, and homogeneity of variance. 
The main distinctive feature of GAMs is that they allow one to fit and describe a non-
linear relationship between variables using a smoothing function of the predictor variable 
(Šmilauer and Lepš, 2014, Zuur et al., 2007). Hence, it is an appropriate method for 
investigating whether the abundance of species (Poisson distribution) is predicted by TP. 
This analysis was only performed for species with sufficient sampling size; taxa had to be 
present in at least 20 samples. In addition, we determined the level of correspondence 
between our independent dataset to the original training set (Reavie et al. 2014b). 
Distributions of the key abundant taxa in the present dataset were compared to those of 
corresponding taxa in Reavie et al. (2014b) in density plots. Modes of the distributions 




All numerical analyses were done with R software for statistics and graphics 
(version 3.4.0; R Project for Statistical Computing, Vienna, Austria) with the vegan 
package for community ecology (Oksanen et al. 2017) and mgcv package for generalized 
additive models (Wood 2006); for the graphics, two packages were used – ggplot 





Performance of the model 
PDI was calculated for 70 samples in total, ranging from 5.23 (high pollution) to 
9.81 (low pollution) (Tab. 1). In general, scores were significantly worse (p < 0.001) for 
Western Basin samples (6.72±1.04 SD) than for the Central Basin (7.88±1.19 SD). 
Comparison of the performance of the models with index values based on different 
methods and different-sized subsets of samples is shown in Table 2. Investigating the 
samples from the Central and Western Basins separately, a pattern emerges¾the 
regression models based solely on samples from the Western Basin are not significant, 
with low r2 values. On the other hand, the relationship between PDI from Central Basin 
and TP is significant in all instances, with much higher r2 and negligible RMSE. If 
samples from both basins are pooled together, the performance worsens due to the noise 
in Western Basin samples. Index values based on Gaussian optima are generally less 
correlated with measured TP than PDI based on WA. Comparing the limits for number of 
valves¾models using all samples including those with low valve counts, perform worse 
than if a limit for valve counts is implemented. Medium (100 valves) and high (400 
valves) criterion gives rather similar results, however, in the case of the lower limit, we 
gain higher precision via higher sampling size.  In all cases, adding tolerance values to 
the equation improves the performance of the models, albeit marginally. The regression 
model using 100+ samples with index scores calculated based on WA (Fig. 3A) is 
significant even with the leverage of outliers (r2 = 0.34). However, if three outliers are 
removed (duplicate samples from Wildwood, and a Maumee River sample), the r2 value 
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increases to 0.63. Samples which were removed share notably higher Cl- and SO42- levels 
than other samples (82–185 mg.L-1, 78–92 mg.L-1, respectively). A model, including the 
outliers, but with averaged index values and TP by station over time, is significant and 
gives more robust results (r2=0.52, RMSE = 0.68, p<0.001) despite low sampling size 
(n=17) (Fig. 3B). Looking at the overall pattern of TP in Lake Erie, using OEPA 
measurements from all regularly monitored stations, there is a decrease in TP and its 
heterogeneity from West to the East (Fig. 4). The variation in TP measured estimated via 
coefficient of variation was higher in the Western Basin (CV = 1.38) than in the Central 
Basin (CV = 0.98).  
Correspondence to the original training set 
Out of 157 taxa found, 71 had an estimated value of TP optima previously 
reported in Reavie et al. (2014b). Taxa lacking an optima value were usually very low in 
densisty, thus diminishing the potential bias in the score calculation. The range of TP in 
Reavie’s original training set was 0.001–0.153–(0.227) mg.L-1; in the current dataset it 
was 0.001–0.163 mg.L-1.  
Comparison of the distributions of 16 selected dominant taxa based both on the 
original dataset, and the present dataset provides insight into the differences in density 
along the TP gradient (Fig. 5). The lack of overlap in the paired curves in some cases 
indicates that the optima based on the dataset presented here from Lake Erie differ from 
those optima estimated from the whole dataset covering all five Great Lakes. However, 
only a handful of species, such as Actinocyclus normanii or Cyclostephanos dubius, show 
this discrepancy. The majority of species investigated show convergent patterns between 
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the two datasets. Even though our sampling size was much lower, the occurrences of taxa 
are equally proportional in both datasets (e.g., Asterionella formosa was present in about 
half of the samples in both the original and present datasets). 
TP as a driver of the community composition 
Only 52 taxa were sufficiently abundant to be included in the community 
analysis. An RDA with a subset of the selected environmental variables¾TP, alkalinity, 
conductivity, total nitrogen (TN), and seasonality (months)¾is highly significant (p = 
0.001), explaining 25.4 % of the variance. The results of RDA are summarized in the 
ordination triplot (Fig. 6). Variance partitioning revealed that the largest explanatory 
power of the variance within the diatom community was attributed to seasonality (13.8 
%); the second most important driver was TP, explaining 4.8%; (3.2% when temporal 
effect was held constant). Other variables included in the best model contributed only 
about 1-3 % each of the total variance explained. Temporal effect was retained in the 
model because it likely represents other variables that were not measured and are 
influential in the distribution of taxa such as light penetration and thermal stratification. It 
is noteworthy that the factor ‘basin’ was also significant. Even though, we decided not to 
include it in the model since it did not contribute to explanatory power, the 
correspondence of samples to the basins was visualized in the plot (Fig. 6). Three species, 
Aulacoseira granulata, Cyclotella comensis, and Fragilaria crotonensis, emerged as 
outliers, clearly associated with distinct specific conditions necessary for their higher 
abundance. Aulacoseira granulata was typically present in the fall samples (September), 
being especially abundant in the Western Basin along with other pollution tolerant 
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species Stephanodiscus binderanus and Actinocyclus normanii. Cyclotella comensis and 
Fragilaria crotonensis were associated with summer months. Moreover, Cyclotella 
comensis was typically found in the Central Basin accompanied with various 
‘cyclotelloid’ taxa (e.g. C. ocellata, C. cyclopuncta, Discostella stelligera, Lindavia 
spp.). Even though the explanatory power of the model is poor, it provides a valuable 
insight into the effects of environmental variables on the diatom community. The 
relationship between PDI and environmental variables assessed via correlation shows that 
highly significant variables (p < 0.01)¾chlorophyll a, and turbidity¾are also positively 
correlated with TP and the high primary production associated with it (Table 3). 
Based on the results of generalized additive models, 12 out of 30 tested taxa 
showed a significant response to TP with the deviance explained ranging from 22 to 69%. 
Most of the dominant taxa responded to TP, however, sometimes the effect was mixed 
with TN, conductivity, and/or alkalinity (e.g. in case of Cyclostephanos dubius and 
Cyclotella meneghiniana). Common taxa with very little response to TP were Fragilaria 





Rationale for the use of PDI 
In this study, we focused on the validation of a water quality metric based on TP 
transfer function for planktonic diatoms in the Laurentian Great Lakes, the Planktonic 
Diatom Index (PDI). The assessment of model performance is positively biased unless an 
independent dataset is used for validation (Juggins, 2013). Hence, we developed a large 
(n=70), independent dataset (collected and analyzed by a different team) to evaluate the 
potential of the metric for future use by the environmental agencies. Validation, as 
expected, resulted in a drop in performance of the model (r2 < 0.5; r2 = 0.63 after 
elimination of three outliers) compared to the performance estimated by cross-validation 
(r2 = 0.79) (Reavie et al., 2014b). However, the validated results are very robust for 
ecological, highly variable data, and provide realistic evidence that the metric would 
serve as a valuable tool for water quality assessment in the pelagic zone of Lake Erie.  
However, the results deserve further scrutiny. As hypothesized, we found major 
differences in the performance of the model between the two studied basins of Lake Erie. 
In the Western Basin, the relationship between the TP based index values and measured 
TP was non-significant. On the other hand, in the Central Basin the relationship was 
significant and robust (Tab. 2, Fig. 3A). Also, the average PDI score was significantly 
different between the basins. Hence we have to ask¾firstly, what makes the basins 
behave so differently and causes the performance of the model to so abruptly change? 
Secondly, can we assume that the inferred values are a more reliable source of 
information about the water condition than the chemical measurements? 
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In terms of the first question: there are stark differences between the two basins in 
water chemistry and morphometry (Fig. 2; Herdendorf, 1984; Dove and Chapra, 2015). 
The hallmark of the Western Basin is its intensive eutrophication. Even though, the 
Western Basin accounts for only 5.1% of total lake volume (Bolsenga and Herdendorf, 
1993), it receives more than 60% of total lake TP, mostly via the Huron-Erie corridor and 
its tributaries - the Maumee and Sandusky Rivers (Maccoux et al., 2016). Moreover, 
eutrophication of the Western basin is enhanced by its shallowness. Not only does the 
Western Basin receive a significant load from its tributaries, the nutrients are also 
continuously augmented from massive uplift of sediments throughout the year (Matisoff, 
et al. 2016). Also, due to its low depth, the Western basin rarely stratifies during the 
summer. Consequently, there is less sinking pressure on planktonic organisms due to 
year-long mixing. The lack of correlation between PDI and measured TP demonstrated in 
the model (Fig. 3A) is likely due to these shallow-lake characteristics, as they 
significantly influence the behavior of environmental variables and the consequent 
response of species to those variables. TP in particular is just so variable in the Western 
Basin that a single assessment of its concentration is inadequate for determining either 
water quality or biological response. Given the rapid, complex and stochastic variability 
in the basin, finding a relationship between a chemical measurement representing 
momentary conditions and an index value integrating changes overtime becomes a 
Sysiphean task.  
Answering the second question¾whether diatom-inferred data could be more 
useful¾is far more challenging. The claim that diatoms (and microorganisms in general) 
are able to integrate conditions over a longer period of time¾possibly offering a better 
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estimate of the overall condition in a particular aquatic ecosystem¾has been 
dogmatically postulated over a long period of time (Ector et al., 2004; Dixit et al., 1992; 
Reavie et al., 2008). The basis of this claim stems from the fact that diatoms as rapidly 
reproducing organisms have to withstand turbulent conditions over the course of their 
lifecycle. Higher variability in TP in the Western Basin makes it difficult to tie measured 
TP to the diatom-inferred index score (Fig. 4). When both variables, measured TP and 
PDI, were averaged over time, the regression model was significant and PDI explained 
more than 50% of the TP variance (Fig. 3B). Therefore, averaging over time helped us to 
account for discrepancies and large fluctuations in water chemistry measurements and 
provided some evidence for the claim that diatom-inferred data is more integrative. A 
similar phenomenon, that increasing TP concentration results in increased variability, was 
recorded from several Scottish lakes (Gibson et al., 1996) and British artificial ponds 
(Bennion and Smith, 2000). In the case of Lake Erie’s Western Basin, elevated variability 
is augmented by continual episodic mixing of the water column and uplift of the 
sediments, making it difficult to assess TP correctly with a single snapshot measurement.  
TP and other environmental variables structuring the planktonic community 
Since PDI is based on the TP inference model, we assume that shifts in diatom 
assemblages are concordant with fluctuations in TP and that the effect of TP as a major 
driving force is not confounded by other variables. If other variables are found to have an 
effect on the distribution of diatoms, we must be able to assume their effects are either 
negligible or consistent with TP through space and time (Juggins et al., 2013). We 
hypothesized that TP is one of the main drivers of the community composition, albeit 
28 
 
likely confounded by the effect of other variables. Reavie et al. (2014b) showed that the 
effect of TP in the Great Lakes could be confounded by alkalinity and to a lesser extent 
by TN. Such a mixed effect was also demonstrated with the results of generalized 
additive models.  After partitioning out the effect of alkalinity, the number of species 
with a significant response to TP gradient decreased by a third (Reavie et al., 2014b). Our 
data suggest that TP was indeed one of the most important variables influencing the 
planktonic assemblage even though the unique variance explained by TP was not very 
high (~ 5%, Fig. 6). While TP is an important driver, using a model based only on TP 
leads to an obvious oversimplification of a complex system, where high diversity is 
sustained by non-equilibrial conditions of multiple factors, not TP alone (Hutchinson, 
1961, Scheffer et al., 2003). However, TP, a surrogate variable for pollution levels and 
cultural eutrophication, is of major managerial relevance (Carpenter et al., 1998), thus it 
is convenient to retain it. Since Lake Erie is spatially heterogeneous, we should address 
the peculiarities of both studied basins separately in order to better evaluate the impact of 
TP and other variables on diatom composition.  
In the Western Basin, TN plays an important role in shaping the structure of the 
community alongside with TP. Phosphorus is commonly the limiting factor for primary 
production in aquatic systems¾yet, runoff of copious amounts of fertilizers from the 
agricultural and urbanized landscape aids in nutrient enrichment of Lake Erie’s Western 
Basin to such level that phosphorus might no longer be limiting (Sgro and Reavie, 2018, 
Michalak et al., 2013). Sgro and Reavie (2018) pointed out that N:P ratio in the Western 
Basin might be low enough to shatter the dependence of diatoms on TP. The PDI will 
likely be less useful if phosphorus is not a limiting factor for diatom growth. However, 
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even if phosphorus is not limiting, other environmental variables having an impact on 
diatom composition are positively correlated with TP (turbidity, conductivity, alkalinity), 
and may exert an interactive, complex effect on the structure of diatom community. For 
example, even though Aulacoseira granulata is a dominant taxon in the Western Basin 
with a positive and significant relationship with TP, it would be inaccurate to conclude 
that it thrives there solely due to the elevated TP. Heavily silicified cell walls of 
Aulacoseira granulata sink faster (Miklasz and Denny, 2010), and thus a shallow, 
continuously mixing environment will enhance its buoyancy (Winder and Hunter, 2008). 
Actinocyclus normanii has similar requirements (Stoermer, 1993). Successful species in 
the Western Basin must be also able to withstand impaired light conditions due to the 
elevated turbidity from the resuspension of the sediments (Valipour et al., 2017), another 
parameter correlated with TP. The endlessly changing environment makes it difficult to 
disentangle any mechanistic relationships between the community structure and its 
drivers. Even though PDI was weakly tied to TP measurements in the Western Basin, it 
likely represents a whole suite of correlated variables such as low light, turbidity, and 
conductivity. Thus, the use of PDI might be highly valuable for management when large 
fluctuations in chemistry measurements muddy the actual conditions in the basin.  
In the Central Basin, the effect of TP was obscured by summer stratification and 
turnover events associated with seasonality (Fig. 6, 7B). Photosynthetic organisms need 
sufficient light intensity, thus they must remain in the upper layer of the water column. 
However, during the summer stratification, the epilimnion becomes depleted of nutrients 
and organisms have to deal with sinking pressure (Wetzel et al., 2001). Such conditions 
favor presence of smaller and lighter taxa with better buoyancy (Winder et al., 2009). 
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Since light requirements of taxa largely differ, light availability becomes an important 
factor in shaping the structure of planktonic assemblages (Saros and Anderson, 2015; 
Burson et al., 2018). That seems to hold true in the Central Basin, where small centric 
diatoms with higher light requirements, such as Cyclotella comensis, Cyclotella ocellata 
or Discostella stelligera, were the most abundant species. Planktonic diatoms in the 
Central Basin are also susceptible to changes in conductivity. All three outliers in our 
model were characterized by extremely high chloride and sulfate values. Therefore, PDI 
scores must be used with caution when high concentration of Cl- and SO42- are detected as 
they affect the structure of the diatom community and consequently the index score in an 
unpredictable way. When no extreme values of mentioned variables are detected, PDI 
corresponds to measured TP very well.  
Effect of climate change 
As demonstrated so far, shifts in the diatom composition are to a great extent 
driven by physico-chemical properties of lakes and bottom-up regulation (Winder and 
Hunter, 2008 Bunnel et al., 2014). These variables are being altered not only by the 
impact of anthropogenic stressors, but also by a less easily decipherable determinant – 
climate change. Long-term changes observed in Lake Erie correspond to a much larger 
pattern recorded simultaneously in lakes varying in trophy, depth and/or location (Reavie 
et al., 2017; Ruhland et al., 2015). Although the climate change stimulus¾changes in 
thermal energy fluxes¾is similar among lakes, the ultimate effects of this change on the 
ecosystem vastly differ. Increasing temperature has an impact on the stratification 
events¾directly by warming up the epilimnion, thus affecting the duration of stratified 
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conditions, and indirectly via the effect of a warmer climate on wind speed, shaping the 
thickness and sharpness of the epilimnion layer (Saros and Anderson, 2015). Changes in 
climate led to the increasing number of ice-free days (Mason et al., 2016; Twiss et al., 
2012), increasing amount of precipitation and altering of precipitation patterns 
(d’Orgeville et al., 2014). Currently, the increasing abundance of taxa in Cyclotella sensu 
lato is considered to be a distinctive feature of described energy shifts in the lakes (Saros 
and Anderson, 2015, Reavie et al., 2017). Since many ‘cyclotelloid’ taxa have higher 
light requirements, they need to remain in the epilimnion, and thus their smaller size 
gives them a competitive advantage over larger, heavier species during prolonged 
stratification. To decipher the consequences of climate change we need to look back into 
history and evaluate the present changes from larger perspective (Saros et al., 2012). 
Effects of climate change are pronounced especially in remote, sensitive, oligotrophic 
lakes (Hobbs et al., 2010). However, the repercussions of climate change are manifest in 
temperate, eutrophic lakes as well (Jeppesen et al., 2009, Adrian et al., 2009, Paerl and 
Huisman, 2008, Moss et al., 2011). Disentangling the effect of climate change from 
eutrophication might be particularly challenging when studying a lake with a large 
anthropogenic impact (Leavitt et al., 2009; Jeppesen et al., 2010). Having said that, 
understanding the effects becomes a matter of high importance due to the implementation 
of management practices mitigating the effect of pollution and other anthropogenic 
stressors. Given the long-term nature of water quality issues in Lake Erie, we are 
interested in the success of our management practices in treatment of the symptoms of 
cultural eutrophication. Owing to these unprecedented and unpredictable changes, it 
becomes more than necessary to continue monitoring aquatic systems and assess the 
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response of the biological assemblages to the ongoing aggravations since intermittent 
water chemistry results might be misleading. 
Summary 
PDI shows promise as an index of water quality based on the cultural 
eutrophication and pollution proxy, TP (Tab. 2, Fig. 3). It serves as a versatile and easy-
to-use tool for water quality management and monitoring agencies that are currently 
lacking such tools for the nearshore zone of Lake Erie (OEPA). Even though validation 
of the PDI metric shows promising results, it is necessary to use caution when extremities 
in the analysis of water chemistry are detected (e.g. chloride and sulfate outliers), since 
they could detrimentally influence the effectiveness of the metric. In ecology, we 
frequently rely on the results and predictions based on untested models (Juggins et al., 
2013). Even though the development of an independent dataset could be costly and not 
very interesting for the funding agencies, validation is a crucial step in science, thus it 
should not be an issue of secondary interest. In our study, we showed that the results of 
validation based on independent data differ greatly from those derived via cross-
validation. Optimistically strong results of cross-validation should not be accepted 
without scrutiny. Using a new dataset helps us to pinpoint potentially problematic parts of 
the model that should be considered in the future use. To conclude with a remark on 
future directions, our attention should be focus on disentangling the autoecologies of 
species because without a more precise understanding of the factors that influence the 
distributions of species and their interactions, observations and predictions based on 
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Table 1: List of geographical coordinates, mean values of total phosphorus (TP), and planktonic diatom index (PDI) at each sampling 
station in Lake Erie (C = Central Basin, W = Western Basin).  
Basin Sampling station TP (µg.L-1) ±SD PDI ±SD Longitude Latitude 
C Conneaut 0.65±0.15 8.66±0.7 -80.529958 41.994569 
W Crane Reef 2.65±2.48 6.82±1.29 -83.092346 41.6607 
C Fairport North 1.03±0.33 7.39±1.04 -81.310177 41.77903 
C Geneva North 0.69±0.14 8.44±0.75 -80.981117 41.87507 
C Huron WTP Intake 1.28 7.36 -82.557033 41.405567 
W Lakeside 2.43±0.89 6.68±0.11 -82.785072 41.556749 
C Lorain West 1.44±0.89 7.27±1.36 -82.238771 41.486566 
W Maumee bay 2.82±2.21 7.74±1.76 -83.300803 41.768323 
W Maumee Bay off State Park 5.09 5.89 -83.374077 41.701631 
W Maumee River DST I-280 15.35±1.34 6.83±1.47 -83.5078 41.6603 
W Maumee River Mouth 14 5.87 -83.4667 41.6942 
47 
 
W Port Clinton 1.95±0.92 5.9±0.54 -82.93635 41.557817 
C Rocky River 0.71±0.34 8.11±1.41 -81.905246 41.50907 
W Sandusky off Johnson's Island 3.92±2.85 7.08±1.36 -82.7383 41.475 
W Sandusky WTP Intake 1.48 6.79 -82.641567 41.459683 
W Toledo/Oregon Intake 4.13±1.09 6.27±0.45 -83.2649 41.6957 





Table 2: Summary of the results of linear regression models of PDI and measured TP based on different criteria for Lake Erie and 
separately for its basins, Western and Central. PDI scores were calculated either with optima of species estimated via Gaussian model 
or weighted averaging (WA), and with or without addition of tolerance values in the equation (+tol/-tol). Subsets of samples were 
selected based different criteria for number of valves found in a sample. Performance of each model is defined by r2 and RMSE, 
significant models are shown in bold (p<0.05). 






  + tol - tol + tol - tol 
  r
2 RMSE r2 RMSE r2 RMSE r2 RMSE 
all 70 0.21 0.87 0.17 0.89 0.31 0.81 0.29 0.82 
> 100 60 0.22 0.89 0.18 0.91 0.34 0.82 0.31 0.84 
> 400 43 0.25 ~1 0.19 ~1 0.3 0.93 0.26 0.96 
49 
 
 Western Basin 
all 20 0.01 0.8 0.01 0.8 0.14 0.75 0.09 0.78 
> 100 17 0.02 0.8 0.03 0.8 0.12 0.76 0.06 0.79 
> 400 14 0.0 0.8 0.0 0.8 0.01 0.8 0.0 0.8 
 Central Basin 
all 46 0.23 0.01 0.19 0.01 0.36 0.004 0.36 0.004 
> 100 39 0.22 0.01 0.18 0.01 0.38 0.01 0.37 0.01 




Table 3: Correlations between PDI scores and key chemical variables. Pearson’s correlation coefficients in bold were significant at 
0.01 level, those indicated by asterisk were significant at p < 0.05. Units as indicated in Fig. 2. 
Alkalinity NH4+ HCO32- CO32- Cl- Chl a TN PO43- TP TSS Conductivity SO42- TDS pH Turbidity 






Figure 1: Map of  A) sites with calculated PDI, and B) sites regularly monitored by the 
OEPA. A) shows the average PDI score for each station, the lighter the color, the higher 
the score and consequently lower pollution. On the map below (B), averaged TP for each 
monitored station are shown. Colors of the circles represent the same scheme, the lighter 
the color, the lower TP levels. Size of the circles represent variation in TP at each 
station¾smaller circles mean higher variation.  
Figure 2: Box and whisker plots comparing the distribution of selected key variables 
between Western (W) and Central (C) Basin. Lines in the boxes show medians, the outer 
rims of the boxes represent quartiles, whiskers reach 1.5x interquartile range. Overlaid 
solid circles represent each measurement. Only environmental data linked to 
phytoplankton samples were used. Data are not transformed.  
Figure 3: TP measured during 2013-2016 along the Ohio shoreline of Lake Erie at 
stations regularly monitored by OEPA. Generally, higher concentrations of TP were 
measured in the Western Basin (3.78 ± 5.22 SD) in comparison to the Central Basin (1.13 
± 1.08 SD). Also, higher coefficient of variation points to a greater heterogeneity of TP in 
the Western Basin. 
Figure 4: Relationship between A) PDI of all samples with valve counts higher than 100 
(n=60), and B) mean PDI per station (n=17) and TP on a log-scale. A) The coefficient of 
determination, r2, equals 0.34 if samples from both basins are pooled. If samples high in 
chloride and sulfate indicated by the arrow are removed from the model (duplicate 
samples from Wildwood station and a Maumee River sample), r2 increases to 0.66. Bold 
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coefficients are significant at 0.01 level. Empty circles represent samples from the 
Central Basin, solid circles samples from the Western Basin.  
Figure 5: Density distributions of 16 key species along TP gradient. Distributions in light 
grey are based on the data from the original training set; numbers on the left side indicate 
the frequency of particular taxa (Reavie et al., 2014). Distributions in dark grey and 
sampling size on the right indicates occurrences in the dataset presented in this paper. 
Taxa shown in bold have a highly significant response to TP based on the results of 
general additive models (p < 0.001).   
Figure 6: First two RDA axes summarizing the effect of significant (p < 0.05) 
environmental variables explaining the variation in the diatom community. The most 
variation was explained by seasonality (factor ‘month’ = 13.8%), followed by TP (4.8%). 
Temporal effect likely represents other variables that were not measured and are 
influential in the distribution of taxa such as the light penetration and summer thermal 
stratification. Other significant variables – alkalinity, conductivity, and TN each 
accounted for 1-3% of explained variance. After partitioning out the effect of seasonality, 
TP was the most influential variable (3.2% of unique explained variance). Empty circles 
represent sites in the Central Basin, solid circles sites in the Western Basin, and the 
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